In epidemiologic studies, researchers often need to establish a nonlinear exposure-response relation between a continuous risk factor and a health outcome. Furthermore, periodic interviews are often conducted to take repeated measurements from an individual. The authors proposed to use fractional polynomial models to jointly analyze the effects of 2 continuous risk factors on a health outcome. This method was applied to an analysis of the effects of age and cumulative fluoride exposure on forced vital capacity in a longitudinal study of lung function carried out among aluminum workers in Australia (1995Australia ( -2003. Generalized estimating equations and the quasilikelihood under the independence model criterion were used. The authors found that the second-degree fractional polynomial models for age and fluoride fitted the data best. The best model for age was robust across different models for fluoride, and the best model for fluoride was also robust. No evidence was found to suggest that the effects of smoking and cumulative fluoride exposure on change in forced vital capacity over time were significant. The trend 1 model, which included the unexposed persons in the analysis of trend in forced vital capacity over tertiles of fluoride exposure, did not fit the data well, and caution should be exercised when this method is used. In epidemiologic studies, especially occupational epidemiologic studies, we often need to analyze the effect of a continuous exposure risk factor on a health outcome. However, the statistical distribution of the exposure variable is often highly skewed-that is, the level of exposure in a small group of people can be much higher than that in the bulk of the people in a study (1, 2). This causes difficulties in establishing a smoothed exposure-response relation between the health outcome and the continuous variable. Conventional linear regression methods are usually inappropriate in this situation because of the nonlinear relation (3). Furthermore, periodic interviews are often conducted over a period of time, or even over several years in some studies (4, 5), in order to make repeated measurements of the outcome and relevant risk factors in each individual. Such a study design enables investigators to have sufficient statistical power to detect the long-term effect of a risk factor on an uncommon chronic disease or on a small change in a continuous health outcome over time (6, 7). The possible correlation between repeated measurements in an individual is a major issue in any analysis of longitudinal data, and it needs to be accounted for by appropriate statistical models.
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Although the analysis of such longitudinal data is complicated, a number of studies, especially in occupational epidemiology, have been published. These studies have included analyses of the effect of exposure to dust and tobacco smoking on decline in forced expiratory volume in 1 second among aluminum potroom workers (8) (9) (10) ; the influence of dietary intake on lung function in middle-aged men (11) ; the impact of weight gain on lung function (12) ; the risk of exposure to dust on lung function decline among tunnel workers (13) ; lung function changes in workers exposed to cobalt compounds (14) ; lung function changes in coke oven workers (15) ; and neurotoxic effects on the central nervous system in solvent-exposed workers (16) . However, in most of these studies, investigators did not establish a smoothed exposure-response relation, which is important in finding the causes of a disease (17, 18) .
In the analysis of cross-sectional data, several statistical methods have been proposed for establishing the exposureresponse relation. A popular method is to transform the continuous exposure data into categories with approximately equal subjects in each category (tertiles, quartiles, quintiles, etc.) and then perform a trend test on the response variable over the ordinal scores (i.e., 0, 1, 2, . . .) or over the midpoint of each category (19, 20) , where the number 0 represents the unexposed category and 1 represents the first category of exposure, and so on. Robertson et al. (21) proposed a method to test the trend of the response variable over scores of the exposed subjects only (i.e., over 1, 2, . . .), which does not include the unexposed subjects. Greenland and Poole (22) published a critical evaluation of this method. However, it has been recognized that categorization or even dichotomization of a continuous variable is not generally a good idea (23) (24) (25) . This method does not utilize all information contained in the exposure data, and it can result in reduced statistical power and less precise estimates of relevant parameters (24, 26) .
Various other statistical methods have been proposed for establishing a general nonlinear exposure-response relation. Among these methods, fractional polynomials have been shown to have advantages over the above-mentioned categorization method (24, (27) (28) (29) . The fractional polynomial method was first proposed by Royston and Altman (30) , and further details about the computing algorithm were published in the Stata Technical Bulletin (31). Use of fractional polynomial models can increase the flexibility of conventional polynomial models. The lower-order polynomial models are often limited in the range of the shape of the curves for modeling a nonlinear exposure-response relation. The higher-order polynomial models often produce an undesirable shape of the curve at the tails of the curve. The fractional polynomial models combine the low-and highorder polynomials into 1 function and produce a family of curves with flexible shapes.
The fractional polynomial method has also been extended to multivariable analyses (32) (33) (34) . However, application of the fractional polynomial method to the analysis of longitudinal data has been rare, although this method has been frequently used in the analysis of cross-sectional data. Possible reasons for this include lack of relevant computing software with which to calculate the fractional polynomial functions for the longitudinal data and difficulty of selecting the best-fitting fractional polynomial model using appropriate model selection criteria (35, 36) .
Information criteria have been used for model selection in statistical analyses. The most commonly used criteria in the analysis of cross-sectional data include Akaike's Information Criterion (AIC) (37) and the Bayesian Information Criterion (BIC) (38) . Other information criteria have also been developed but have been less frequently used (39, 40) . However, in the analysis of longitudinal data, especially when the generalized estimating equations (GEE) method (41) is used, these information criteria are no longer valid, because the GEE method is based on the quasi-likelihood theory (42) , instead of the maximum likelihood theory upon which the AIC and BIC methods were developed. There is no likelihood function available for the GEE method (43) .
Although the AIC and BIC methods cannot be used directly in GEE analyses, a modified criterion has been proposed (44) and has been referred to as the ''quasi-likelihood under the independence model criterion'' (QIC). The QIC method can be used to compare different GEE models in the analysis of longitudinal data. The model with the smallest QIC value is usually chosen as the best model. Cui (35) and Cui and Qian (36) implemented this method and have developed a general computing program with which to calculate the QIC value for all of the commonly used statistical distributions, link functions, and correlation structures available in Stata software (45) .
Our main objective in this analysis was to apply the fractional polynomial models to establish a smoothed exposureresponse relation between fluoride exposure and change in lung function over time. The effect of age on change in lung function was also modeled as a fractional polynomial function. The joint fractional polynomial models for age and fluoride exposure were compared with the traditional categorical methods using the QIC method and the newly developed computing program. These methods were applied to a longitudinal study of occupational health in Australian aluminum workers.
MATERIALS AND METHODS

The data
The data used in this study came from an occupational longitudinal study (Healthwise) of change in lung function among new employees at an aluminum processing plant in Australia (46) . A total of 446 persons were recruited into this study from 1995 to the end of 2003. The cutoff date of 2003 was used because this was the latest year for which complete exposure data were available at the time of the analysis. All participants were invited to participate in a baseline assessment of relevant risk factors and then annual follow-up assessments, using standardized questionnaires and spirometry lung function tests. A rolling seal spirometer (Graseby Andersen, Smyrna, Georgia) was used to measure the forced vital capacity (FVC) of each participant according to American Thoracic Society guidelines (47) . If a participant was taking medication which could influence lung function, the measurement of FVC was postponed (48) . Cumulative exposures to several contaminants, including fluoride, were calculated from the start of employment to each follow-up interview. The fluoride exposure data were estimated using routinely collected air monitoring data, based on at least 5 air samples from the most exposed full shift tasks of each person. A task exposure matrix was developed based on these routinely collected exposures and the participant's job history (49) .
The main outcome variable in this analysis was the FVC. The explanatory variables included age, smoking status, educational level, marital status, workplace, and height. Except for height, which was measured at the baseline interview only, all other risk factors were time-dependent variables and were measured at each follow-up interview. The original variable for age was centered at 16 years to make the new variable, age-16, have positive values, as required by the fractional polynomial method. The original variable for height was centered at 180 cm for ease of interpretation of the intercept term in the regression model. Stratified analyses were conducted for males and females separately; only the results from the 305 male participants with complete data for the outcome and explanatory variables are reported in this article, for illustrative purposes.
Seventy male employees dropped out of the study before 2003. No evidence was found to suggest that their FVCs at baseline and the last interview or their annual decline in FVC differed significantly from those of the men who remained in the study. The median follow-up period was 1.9 years for the 47 employees who were lost to follow-up and had more than just the baseline interview. The main reason for dropping out of the study was leaving the company (63%), with only a few participants being lost to contact or deceased (4%). The remaining 33% of these 70 employees refused to continue participation in the study, usually because of lack of interest in lung function tests.
Fractional polynomial
The general m-degree fractional polynomial function of a continuous variable x is given by (30)
where p 1 ; . . . ; p m are fractional powers and the round bracket notation denotes the Box-Tidwell transformationthat is,
It differs from the conventional polynomial in that the power p can be a noninteger number. Equation 1 also includes the situation of repeated powers, where p i ¼ p j for at least 1 pair of indices ði; jÞ, 1 i < j m. In this situation, a term of x ðpjÞ lnðxÞ is used in the fractional polynomial function, instead of the term x ðpjÞ itself.
Although many different combinations of powers can be made in fractional polynomial models, it has been suggested that it is often adequate to consider only a subset of the power, S ¼ {À2, À1, À0.5, 0, 0.5, 1, 2, 3}, in practice (30) , where x 0 denotes ln(x). This subset of fractional polynomials provides rich and flexible shapes of curves for most practical model-fitting purposes. Curves in this subset include linear, reciprocal, logarithmic, square root, and square transformation of x. If the values of the powers p 1 ; . . . ; p m are known, fitting a fractional polynomial model is similar to conducting a conventional linear regression analysis. However, the powers of a fractional polynomial model are usually unknown and need to be estimated from the data. In this article, we use the notation FP1(power) and FP2(power1, power2) to represent the first-and second-degree fractional polynomial models, respectively (50) . We compared our results with those from the multivariable fractional polynomial models (51, 52) derived using the Stata program ''mfp.'' The change in FVC over time among persons who were exposed to fluoride was estimated. However, persons who were unexposed to fluoride were also included in the analysis for estimation of the effect of fluoride exposure, which was treated as a dichotomous nuisance parameter. For example, let E represent the dichotomous variable for fluoride exposure status (E ¼ 1 for fluoride exposure and E ¼ 0 otherwise); then the effect of fluoride exposure can be estimated by means of the b coefficient associated with the variable E. The change in FVC among exposed persons can be estimated by means of the b coefficient associated with the interaction term FP1 3 E or FP2 3 E, depending on which fractional polynomial model was used (21) .
Categorical methods
The fractional polynomial models were also compared with 4 categorical methods. In the first method (denoted the ''binary model''), the fluoride exposure data were dichotomized into 2 categories (1 for exposed and 0 for unexposed). In the second method (denoted the ''tertile model''), the exposure data were categorized into tertiles with approximately equal numbers of exposed persons in all tertiles, while retaining unexposed persons as a separate category. In the third method (denoted the ''trend 1 model''), the tertile scores (0, 1, 2, and 3) were treated as a continuous variable and the change in FVC was analyzed over these 4 values. In the fourth method (denoted the ''trend 2 model''), the change in FVC was analyzed over the 3 scores 1, 2, and 3. The major difference between the trend 1 and trend 2 models was the inclusion of unexposed persons in estimation of the change in FVC. The trend 2 model has been used in the analysis of dietary factors in pancreatic cancer (21) and has also been described by Clayton and Hills (53) .
Splines
We also fitted a stepped spline model for fluoride when the best-fitting fractional polynomial model for age was fixed. Deciles of the cumulative fluoride exposure were used to define 9 knots for the spline function, which was constant between 2 consecutive knots. Indicator variables were also generated for the intervals between 2 consecutive knots, and they were included in a GEE model to obtain the estimated values of the splines from the associated b coefficients.
GEE and random-effects models
Parameters in the categorical and fractional polynomial models were estimated using the GEE method. The GEE method is an extension of the generalized linear model (54) , and it is used to account for possible correlation among the repeated measurements taken in an individual. Because the outcome in this study was a continuous variable, we used the normal distribution, the identity link function, and the exchangeable working correlation structure in the analysis (6, 7, 43) . As Liang and Zeger (41) pointed out, when the mean response function is correctly specified, the estimates of the parameters from the GEE model are consistent even if the correlation structure is misspecified (i.e., converges eventually in probability to the true parameter being estimated). Therefore, a robust variance estimator was also used in the analysis to account for the uncertainty about the correlation structure. We also fitted random-effects models (55) for comparison with the GEE models used in this study.
Model selection
The best-fitting fractional polynomial model needs to be chosen using appropriate model selection criteria. In this analysis, we used an iterative approach to select the final model. First, a cubic function, which is a special case of the fractional polynomial function, was assumed for the age variable. Then each of the 8 first-order and 36 second-order fractional polynomial models and 4 categorical models was fitted to the fluoride exposure data. Their corresponding QIC values were calculated, and the model with the smallest QIC value was selected as the best model for fluoride. The second step was to fix the best fractional polynomial model for fluoride, and we then fitted each of the first-and secondorder fractional polynomial models for the age variable. Similar to the procedure used in the first step, the model with the smallest QIC value was chosen as the best model for age. Then we fixed the fractional polynomial for age and repeated this iterative procedure until both fractional polynomial models were the same as in the previous step. For ease of comparison, we calculated the relative QIC value, which was the difference between the QIC values for the binary model and a specific model. The statistical analyses in this study were conducted using Stata software (45) .
RESULTS
Descriptive statistics
The demographic and other characteristics of the 305 male participants at the baseline interview are summarized in Table 1 . FVC ranged from 3,200 mL to 7,740 mL, with a mean of 5,534 mL (standard deviation, 803). Because this was a study of new employees at an aluminum processing plant, most participants were young or middle-aged, and their mean age was 30.5 years (standard deviation, 8.6). The mean height was 178.5 cm (standard deviation, 7.1). Slightly more than half of the participants were nonsmokers, and the rest were smokers. The number of interviews conducted each year among these 305 persons is also shown in Table 1 . A total of 1,125 interviews were conducted from 1995 to the end of 2003; more than half were conducted in the last 3 years. Excluding the 40 participants who attended only the baseline interview, the total follow-up period for the rest of the 265 participants was 848.7 person-years; the median duration of follow-up was 2.7 years. Figure 1 shows a histogram of cumulative fluoride exposure among the 305 male participants over the duration of the study. Approximately one-fourth of the participants were unexposed. Among those who were exposed, the median exposure level was approximately 1.0 mg/m 3 -year, the interquartile range was 0.06-2.6 mg/m 3 -year, and the 95th percentile was 6.4 mg/m 3 -year. Only a small group of people (<3.8%) had fluoride exposures above 6.4 mg/m 3 -year; the majority (81%) were either unexposed or had an exposure level less than 2.6 mg/m 3 -year. These highly skewed exposure data were analyzed by means of the different methods outlined below.
Categorical and fractional polynomial models Table 2 shows the comparison between the best-fitting fractional polynomial models and the categorical models based on the relative QIC values. First, the best-fitting fractional polynomial model for age was robust across different models for fluoride. No matter which model was assumed for fluoride (binary, tertile, trends, or fractional polynomial), the best-fitting first-order fractional polynomial model for age had a power of 2.0, and the best-fitting second-order fractional polynomial model had powers of 0.5 and 1.0. Secondly, the best-fitting model for fluoride was also consistent for different models for age. The best FP1 model for fluoride had a power of À0.5, and the best FP2 model had powers of À0.5 and À1.0. Finally, among all models, the model with FP2(À0.5, À1.0) for fluoride and FP2(0.5, 1.0) for age had the smallest relative QIC value and thus was chosen as the final model. The difference in the relative QIC values between the final model and the binary model suggested that the final model fitted the data substantially better than the binary model. There was substantial improvement when using the seconddegree fractional polynomials for age as compared with the first-degree fractional polynomials. The magnitude of the improvement depended on which model was used for fluoride. For example, when fractional polynomial models were used for fluoride (no matter which degree), the improvement in the QIC value was approximately 65. However, when the trend 2 model was used for fluoride, the improvement was approximately 101. Among the categorical models for fluoride, the trend 1 model had the largest QIC value, suggesting that this model did not fit the data very well. The tertile model and the trend 2 model fitted the data reasonably well.
Final model
Regression coefficients and 95% confidence intervals for the final best-fitting fractional polynomial model are shown in Table 3 . The effect of height on FVC was significant, and for every 1-cm increase in height at the baseline interview, the value of FVC increased by nearly 70 mL, on average. The effect of age was also significant, although it had a nonlinear relation with FVC. For example, when values of other covariates were fixed, for a 1-year increase in age the value of FVC increased by 22.2 mL for a man aged 20 years and decreased by 29.8 mL for a man aged 40 years. No significant effect was found for smoking (P ¼ 0.81), and the difference in FVC between exposed and unexposed persons was also not significant (P ¼ 0.15). Because these 2 variables were of major interest in this study, they were included in the final model. No significant effect of cumulative fluoride exposure on change in FVC was found. For a moderate increase in fluoride exposure, such as 1.0 mg/m 3 -year, the annual decline in FVC was approximately 29.0 mL for a man aged 40 years and 35.0 mL for a man aged 50 years. The Wald test showed that the 2 b coefficients associated with the fractional polynomials in fluoride were both not significantly different from 0 (v 2 ¼ 0.65, P ¼ 0.72). No significant interaction effects were found between age and height, age and smoking, height and smoking status, and age and fluoride exposure, respectively. However, smoking status modified the effect of fluoride; the 2 b coefficients of the fractional polynomial function were À7.4 (95% confidence interval: À12.5, À2.3) and 0.051 (95% confidence interval: 0.008, 0.093), respectively. This single significant interaction effect was also included in the final model in Table 3 . Other nonsignificant risk factors, such as educational level, marital status, and workplace, were not included in the final model.
Other models
We also investigated the polynomial effect of height at the baseline interview. The effect of height 2 was not significant (b ¼ 0.108; standard error, 0.439), but the effect of height 3 was significant (b ¼ À0.088; standard error, 0.040). However, the trivial difference obtained by adding the cubic term to the linear model for height was reflected only in the right tail of the FVC curve.
We also fitted the multivariable fractional polynomial model using the ''mfp'' command in Stata software. The best-fitting first-and second-order fractional polynomial models for age were FP1(2.0) and FP2(0.5, 1.0), respectively, which were consistent with the results in Table 2 , and they were also robust across different models for fluoride. However, the best-fitting model for fluoride obtained using the mfp command was different from those in Table 2 . Nevertheless, the effect of fluoride was also not significant using the mfp command, which was consistent with the results derived by means of the GEE model. Similar results were derived using the random-effects models as compared with the GEE models. We found that the fractional polynomial function for age was robust across these 2 methods. The best-fitting random-effects FP1 model had a power of 2.0, and the random-effects FP2 model had powers of 0.5 and 1.0. The effects of fluoride exposure under the random-effects model were also not significant, which was consistent with the GEE model, although their fractional powers differed.
The best-fitting fractional polynomial models for men who were nonsmokers and unexposed to fluoride are shown in Figure 2 , where the connected points are longitudinal observations of given individuals. The 3 solid lines represent the change in FVC among people of different heights (170 cm, 180 cm, and 190 cm, respectively) at the baseline interview. The observed trajectories of each individual's FVC are also shown, where they are linked with dotted lines. The observed data were also categorized by individual height at the baseline interview, and different symbols are used to represent the data in different categories. The fitted curves show the trend of increase and then decline in FVC at different ages, which is consistent with the trajectories of the observed longitudinal data. Figure 2 shows that, on average, an individual's FVC increased up to the age of 23 years and then gradually declined after this age. The maximum FVC value that an individual could reach depended on the person's height at the baseline interview. Similarly, how far a person's FVC could decline at a particular age also depended on his height at baseline. Although the fitted curves for smokers are not shown in this figure, their corresponding curves can be derived by moving down the fitted curves by 16 mL for a person with the same height.
The fitted spline model for men aged 30 years with a height of 180 cm at baseline is shown in Figure 3 , where the connected points are longitudinal observations of given individuals. The corresponding best-fitting fractional polynomial model and the observed data from a small group of people aged 25-35 years with heights of 175-185 cm are also presented. The flatness of the splines and the fractional polynomial curve suggested that the cumulative exposure to fluoride had little effect on the change in FVC over time, which again confirmed the nonsignificance of the effect of fluoride, as shown in Table 3 . The fractional polynomial model was very close to the stepped splines, except that the fractional polynomial model indicated a small decline in FVC immediately after the initial exposure assessment, while the spline model did not. 
DISCUSSION
In this paper, we have proposed a new method of using fractional polynomial models to establish the nonlinear exposure-response relations between age, fluoride exposure, and FVC in an occupational health longitudinal study in Australia. We compared the performance of these fractional polynomial models with that of the categorical methods. We also applied the newly developed QIC method and computing program to select the best-fitting GEE model among a large number of candidate models.
We found that the best-fitting model for age was a secondorder fractional polynomial model with powers of 0.5 and 1.0 and the best-fitting model for cumulative fluoride exposure was also a second-order fractional polynomial model with powers of À0.5 and À1.0. The tertile method and the trend 2 method also fitted the data reasonably well. However, the trend 1 method did not fit the data very well. The best model for age was robust to models for fluoride and random-effects or multivariable models for age. The effect of age and height on FVC was significant. No evidence was found to suggest that the effects of smoking and cumulative fluoride exposure on FVC were significant, although their interaction was significant. The best-fitting fractional polynomial model for fluoride was close to the spline model, and the flatness of these 2 curves reassured us of the nonsignificance of the fluoride effect.
In this study, we found that the fractional polynomial models fitted the data better than the categorical methods. The fractional polynomial models have a range of flexible shapes of curves to fit a nonlinear exposure-response relation. It was not surprising that the second-order fractional polynomial model fitted the data best, because it uses more information in the data than other methods. It has been shown that dichotomization of a continuous variable at the median value reduces the power to a similar extent as discarding one-third of the data (23, 25, 56, 57) . Because the fractional polynomial method requires that the exposure variable be positive or be made positive by shifting the measurement origin, we used the method proposed by Robertson et al. (21) to avoid the 0 exposure values in unexposed persons. This method is essentially similar to the ''trend 2'' method in terms of separating the effect of the dichotomous fluoride exposure as a nuisance parameter. The analysis results showed that the increase in FVC reached the peak when a man was approximately 23 years of age and then gradually declined at a variable rate, depending on his age. For example, the annual rate of decline was 35 mL for a man aged 50 years but 17 mL for a man aged 30 years. In general, the older a person the more rapid is the decline. Furthermore, smoking can increase the rate of decline in FVC.
It was not surprising to find that the ''trend 1'' model did not fit the data very well. Actually, the estimated b coefficients were virtually of the same magnitude, approximately 85-90 mL per mg/m 3 -year, under the ''tertile'' model (i.e., 83.8, 90.0, and 86.2). If we fit a ''trend 2'' model through these tertiles, we obtain a nonsignificant slope of 0.8 (95% confidence interval: À22.5, 24.0). However, if we fit a straight line through the 4 values 0, 83.8, 90.0, and 86.2, which is the same as fitting a ''trend 1'' model, the goodness of fit of this model will be poor, because of their nonlinear relation. In fact, they belong to the ''J-shaped'' exposureresponse relation (58) . Therefore, it is not sensible to include the unexposed persons in a trend analysis of the effect of a continuous exposure variable. Instead, the method proposed by Robertson et al. (21) can be considered in such situations.
Interpretation of regression coefficients from the randomeffects model is different from that of coefficients from the GEE model (6) . The goodness of fit of a random-effects model is usually assessed using the likelihood ratio test or the AIC, while the goodness of fit of a GEE model may be assessed by means of the QIC method. However, there is no formal statistical test available with which to evaluate whether a new GEE model represents a significant improvement over an old GEE model based on the QIC method. As a rule of thumb related to the well-known AIC method, 2 models are said to be significantly different if the difference between their AIC values is larger than 2 (39, 40) . However, the QIC method is based on quasi-likelihood theory, while the AIC method is based on likelihood theory.
The best-fitting fractional polynomial model for age was also confirmed by using the independent Stata program ''mfp.'' A significance level of 0.157 can be used with this method to select an additional variable, which is approximately equivalent to minimizing the AIC value (52). The GEE model specifies the working correction structure directly. However, the mfp command in Stata essentially assumes an independent correlation structure. On the other hand, our new computing program has the advantage of using the programming language facility in Stata to estimate the magnitude of the change in FVC only among those persons who were exposed to fluoride.
The fact that the fractional polynomial function for age was robust suggests that it may not be necessary to use the iterative approach to find the best-fitting fractional polynomial model for a significant risk factor, such as age, in this study. A simple solution is to fit a fractional polynomial model for the risk factor while adjusting for other explanatory variables. If the risk factor is significant, this fractional polynomial model is probably the final best-fitting model. However, our experience in this study suggests that this practice does not apply to a nonsignificant risk factor, such as cumulative exposure to fluoride. For a nonsignificant risk factor, the final form of the fractional polynomial function depends on the underlying model of this variable and the function of other risk factors in the model. There were some limitations in this study. We did not conduct a simulation study to formally investigate the performance of the fractional polynomial method as compared with the categorical methods. The fractional polynomial models were also limited within the first 2 degrees, without further investigation of higher-degree fractional polynomial models. The treatment of smoking status in 2 simple categories (smoker vs. nonsmoker) was also crude. Further investigation using more precise information about smoking amount, such as pack-years, is warranted. Although we conducted an investigation of the polynomial effect of height, we did not include the cubic term for height in our final model, for ease of interpretation of the final model and demonstration of the new method. Further investigation of the best-fitting fractional polynomial model for height, when fractional polynomial functions for age and fluoride are incorporated, is also needed.
In addition, we did not take account of the uncertainty in estimation of the powers in fractional polynomial models as separate parameters. This implies that the derived QIC values in Table 2 may be slightly less than what they should have been after the adjustment. We are not aware of any formal statistical test with which to adjust for the extra parameters in QIC. However, a simple method of adjustment is to increase the value of QIC by 2 for an FP1 model and increase the value by 4 for an FP2 model, according to the rule of thumb for the AIC method. The QIC method is an extension of the AIC method to the longitudinal data, and the penalty terms in their formulae are similar. Because the differences in QIC values between different models were greater than 10 in this study, such an adjustment would not change the main conclusion drawn in this article.
In conclusion, we proposed to use fractional polynomial models to jointly analyze the effects of 2 continuous risk factors on a health outcome, and we successfully applied this method to an analysis of the effects of age and cumulative fluoride exposure on FVC in a longitudinal study of lung function in Australia. We found that the seconddegree fractional polynomial models for age and fluoride fitted the data best. The best model for age was robust to different specifications of models for fluoride and randomeffects or multivariable models for age. We found no evidence to suggest that the effects of smoking and cumulative fluoride exposure on change in FVC over time were significant. The fractional polynomial model utilizes more information in the data and thus increases statistical power in comparison with the categorical methods. The trend 1 model, which included the unexposed persons in the analysis, did not fit the data well, and caution should be exercised when this method is used.
